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(ABSTRACT)

A system is developed which makes diagnostic determinations from EKG signals
utilizing Back Propagation Neural (BPN) Networks to window discretized temporal
EKG signals and classify segmented signal waveform data. First, characteristics of
EKG signal data are explored as they relate to the heart functions. Then, assuming
a Gaussian behavior of EKG signals, a system is developed based on pattern matching
of abnormal heart function characteristics. The windowing function of EKG signals
is performed by using a neural network trained on apriori data. EKG signal feature
extraction and waveform segmentation is performed and the results encoded for
inputs to independent neural networks. These networks memorized signal data
conditions to provide diagnostic scores that classify to within 4% of their initial case
training weights. Itis concluded that employing neural networks to perform temporal

EKG signal classification is a viable, efficient approach.
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CHAPTER 1. INTRODUCTION

1.1 EKG Signals Evaluation Using Neural Networks
1.1.1 EKG Signal Interpretation

Making determinations based on the information provided in a set of EKG
signals is not trivial since no two signals are probably the same, they are unique like
fingerprints. A patient’s set of EKG signals will even vary from a previously recorded
set. Therefore, instead of classifying an EKG signal as normal, determinations are
usually made regarding the signals possessing characteristics associated to known
abnormalities. These characteristics can be interpreted to make numerous deductions
regarding the heart’s condition, both past and present, as well as isolate the areas of

improper heart functions.
1.1.2 Classification of EKG Signals

EKG signal analysis requires the capability to make determinations from
essentially an infinite number of unique sets of EKG signals. This requires a system
to process indistinct input signal data. Thus, the fuzzy logic required for EKG signal
analysis makes it a good candidate application for neural networks. Utilizing neural
networks permits the determination of a patient’s heart condition by pattern matching
data. A network uses apriori data to learn the information it will classify. Once the
network has been trained, it can make determinations by pattern matching new similar
data. For example, consider a neural network properly trained on the Diaphragmatic
Myocardial Infarction (DMI), Anterolateral Myocardial Infarction (ALMI), and
Anterior Myocardial Infarction (AMI) abnormality characteristics which appear in a
segment of EKG signal data. Upon new input signal data possessing the learned

abnormality pattern characteristics of a DMI, the neural network will yield a score
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weighted relatively high for the DMI classification. This score can be interpreted as
the resulting diagnosis of the EKG signal segment. The other infarction scores would

possess a relatively lower weighted score.
1.2 Neural Networks Background and History

Historically, artificial neural network models have been studied since 1943 in
hopes of obtaining human-like performance in various fields, one being pattern
recognition. However, since the von Neumann architecture does not readily support
the implementation of these algorithms, they were never very popular. Advances in
hardware technologies for parallel and distributive processing capabilities have
contributed to a new popularity of neural networks. Today, hardware more suited for
the implementation of these networks such as neurocomputers, digital signal
processors, and array processors is readily available. These are typically coprocessor
boards that plug into conventional machines. Some vendors of neurocomputers
include Hecht-Nielsen Neurocomputer Corporation (HNC), IBM Corporation, and

Science Applications International Corporation (SAIC).

Neural network models are loosely based on the gross structure of the human
brain. This structure consists of a collection of nerve cells, or neurons. Each neuron
can be connected to as many as 10,000 other neurons from which it receives and sends
stimuli. Some of these connections are relatively; strong while others are weak. The
brain accepts inputs and responds to them mainly through learning. Learning could
be considered the organizing of itself in reaction to inputs rather than just doing as
told. Employing neural networks permits the computer to learn. Information is fed
into the network along with the conclusions it should be reaching. As thisinformation
is presented to the network, it adjusts itself to reach the conclusion it has been given.

Iterations of presenting the data and conclusions to the network continue until it
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adjusts itself to making the proper conclusion associated with a particular set of input

information.

Neural networks consists of simple processing elements (PEs) each of which
has numerous input signals but, only one output signal. The output signal fans out
to many other PEs. These input and output pathways connect the processing elements.
Each connection between these PEs is weighted. Some of these connections are
stronger than others. Figure 1-1 illustrates a simple network. This network consists
of three feed-forward layers of PEs. The first layer is composed of the input PEs each
of which receive a single input component. For instance, a discretized EKG signal
magnitude component can be input to each PE at the input layer. The input signal
component data is then passed to each PE in the hidden or middle layer. This inputi
is weighted relative to the connection strength between the two PEs (i.e. the input
layer PE and the hidden layer PE). The input is processed by the hidden layer and
sent to the output layer of PEs. Then, processing occurs at the output layer resulting
in a final output score used for classification. Connectivity between the PEs can be
varied producing different configurations of the neural network. A configuration
being the quantity of PEs used, organization of the PEs, and all the PE
interconnections. Once a configuration is decidedr upon, the network is trained using
existing data. This is called the training phase. Then, input data can be fed into the
network’s input layer and the output layer will produce a classification score. The use

of a trained neural network is called the production phase.

Each processing element has its own small local memory and very simple local
processing. The local memory typically stores previously computed values along with
adaptive coefficients basic to the networks learning. The processing each of the PEs

performs is defined by a transfer function. The transfer function is considered a
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Hidden (middle)
Layer

Figure 1-1. A simple neural network configuration indicating the input, hidden
(middle), and output layers.
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mathematical formula that defines the element’s output signal as a function of the
input signals and the adaptive coefficients present in the local memory. Each PE
processes in disregard to the processing of neighbor PEs. Thus, neural networks

require a great amount of independent parallel computations.

The number of PEs and their interconnectivity must be properly determined
since this directly effects the performance of the neural network. If there are not
enough input PEs to adequately represent the input data, the neural network can not
adequately classify. On the other hand, if the number of input PEs is too great, the
neural network will memorize the data. Networks have low tolerance to input data
variance upon memorizing the data instead of learning a pattern of the data. Upon
the existence of a hidden layer in a neural network configuration, the number of
hidden layer PEs relative to the number of input and output PEs is also important.
An adequate number of hidden PEs or nodes must be utilized to provide learning

convergence.
1.3 Purpose

The purpose of this study is to determine if neural network classification
techniques are a viable solution to temporal EKG signal classification. EKG signal
classification requires techniques which are capable of windowing and segmenting
pulses of signal information to make proper determinations. The pulse rate and signal
threshold determinations are also required. This study is purely experimental in
nature and the attempt to determine or define convergence theory for this particular
application will not be performed. Some neural network configuration parameters
and coefficients are arbitrarily choosen initially and the results empirically

determined.
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Using neural network classification techniques as a solution to temporal EKG
signal classification is pursued in the attempts of determining an efficient processing
approach. Neural network processing contrasted to von Neumann processing is
presented in Figure 1-2. Notice that neural networks can pursue multiple hypotheses
simultaneously where the von Neumann processing sequentially pursues one
hypothesis at a time. When considering an application such as this, where a vast
number of conditions are required to provide a large range of diagnoses and
combinations of diagnoses, it is obvious that there stands to be a great deal of
processing efficiency gained from employing neural networks. Since neural networks
are non-algorithmic, less time and expense associated with an equivalent software
development effort utilizing von Neumann processing would be required of a system
utilizing neural networks. This reduction is often by an order of magnitude. The
neural networks may be fault tolerant so, if input data varies slightly, the neural
network can still process the data. Contrast this to the von Neumann processing which
must be all encompassing for each and every type of data the system is required to

process.
1.4 Study Approach

This project proposes to accomplish temporal EKG signal classification using
neural networks. The approach is to study EKG signal theory and various types neural
networks to make the proper selection for this application. Temporal windowing, data
extraction, signal segmentation, and computations are performed to provide proper
dependent inputs for neural network configurations. These configurations are trained
using a training data set then, tested. Neural network training and the quantity of

hidden layer nodes required are empirically determined based on performance. The
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Neural Networks] von Neumann

Pursue multiple hypotheses
simultaneously

Non-~algorithmic

Trained

Memory and PEs are the same
May be fault tolerant
Non-logical operation
Adaptation or learning

Seeks answer by carrying
out transformations

Pursues hypotheses one at
a time

Algorithmic

Programmed with instructions
Memory and processing separate
Non-fault tolerant

Highly logical operation

Algorithmic parameterizaiton
modification only

Seeks answer by following
logical tree structure

Figure 1-2. Processing contrasted between neural networks and the

von Neumann approach.
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performance of trained neural networks is evaluated relative to requirements of the
application (i.e. can the network provide adequate determinations). Conclusions
should indicate if using neural network classification techniques are a viable solution

to temporal EKG signal classification.
1.5 Alternative Approach Contrasted

There are expert systems currently being used which provide determinations
regarding a patient’s heart condition. Some of these systems are more elaborate than
others. The expert system developed by TelMed makes determinations by first
considering pattern matching. After pattern matching is performed, numerous
parameters are computed. Then, an ordered look-up table is used to conclude the
diagnosis. This study will use neural networks to do a signal pattern matching for the
windowing function. Then, signal segmentation will be performed and relevant
parameters computed. Dependent parameters can be derived and used as input
information to other neural networks which will provide further determinations
regarding the patient’s heart condition. A final diagnosis determination will be made

from resulting neural network scores.
1.6 Document Organization

This report is segmented into chapters to provide a clear understanding of the
approach taken to perform temporal signal classification and present the performance
results of tests conducted for this study. Chapter 2 examines the application for which
this study was based. Chapter 3 outlines the requirements necessary for the temporal
signal classification using neural networks to be a viable alternative. Chapter 4
provides a detailed description of the solution. It includes the study of EKG signal

data theory, various neural network algorithms considered for this application,
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network selection, and configurations developed. This chapter also includes the
system development and logic behind the design. Chapter 5 presents the results of
neural network configurations trained and tested. Lastly, chapter 6 is the conclusion

highlighting what was learned from this project.
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CHAPTER 2. EKG SIGNAL MONITORING APPLICATION

2.1 Determination of Patient’s Condition Remotely

EKG signal monitoring needs require timeliness of reading interpretations,
rapid response to significant changes in the EKG signal readings, initial detection of
arrhythmias, detection of evolving myocardial infarctions, and detection of ischemias.
Usually, technicians are required to make initial measurements and interpretations
of electrocardiograms. They must understand how characteristics of the EKG signals

should be measured, then interpret the signals relative to a patient’s condition.

A typical scenario of providing the EKG signal analysis is currently conducted
remotely via telephone lines. The technician dials an expert system service and for
a fee, the EKG signals will be received and analyzed. If the signal originates at a
remote location, it is usually received as a noisy signal and requires filtering. Initial
calibration signals are necessary to test the quality of the electrode connections. Then,
signals can be transmitted and received as inputs to an expert system which provides

the diagnosis.
2.2 Neural Network Implementation

After quality tests are satisfactorily completed, EKG signal information could
be used as input data to a trained neural network system. The neural network system
could provide diagnostic information regarding the heart’s functional condition with
potentially less processing time than an expert system. Since the neural network
system should require less resources than current expert systems, it would potentially
be feasible to provide a portable neural network system for remote location EKG

signal analysis. The operators could use the equipment on location instead of via
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transmissions over noisy telephone lines. Interfacing signal monitoring and display

equipment might also be utilized to provide the operators with additional information.
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CHAPTER 3. COMPREHENSIVE REQUIREMENTS

3.1 Software

NeuroShell, manufactured by Ward Systems Group, Incorporated, is a
software package which supports the Back Propagation Neural Network algorithm in
the MS-DOS environment. It provides the user with an interactive capability to build
neural network configurations, vary algorithm parameters, train and test the networks
configured, and review the trained neural network’s performance. It also permits the
user to graphically display data. Data sets can be compared and cases plotted against

each other.

The software developed for this project reads the binary data files, converts
this data to character types (acceptable as a real value), extracts data points, and
computes values to write files in the format accepted by the commercial off-the-shelf

NeuroShell software package.
3.2 Hardware

The hardware used to support this study is an IBM PS/2 and an IBM-AT
requiring a minimum of 1 megabyte of RAM, and a graphics adaptor and monitor.
The same computer will be used when making comparisons of the time it takes for

the neural networks to learn.
3.3 Understanding Neural Network Configurations

Neural network configurations used in this study are based on empirical
results. The number of input nodes is relative to the input data points needed to
characterize a diagnostic function. The number of nodes for the output layer is
selected based upon the number of different determinations the neural network must

classify. The number of hidden layer nodes initially selected is arbitrarily choosen.
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Upon tlie lack of convergence of the output error in response to training, the number
of hidden nodes is increased. Lack of convergence is considered to be after a
minimum of 2000 iterations are performed and the minimum error rate obtained by
the present network has not changed. Some neural network applications require more
memorizing than others. These typically have relatively more hidden nodes in their
configuration. Configurations are trained on numerous cases and production phase

results obtained to determine that the neural networks provide proper functioning.
3.4 Working Knowledge of EKG Signals

Fundamentals of the human heart functions as they relate to characteristics of
the EKG signal waveform need to be understood and interpretations of these
characteristics defined. Then, functional abnormalities relative to the heart’s
condition can be comprehended. Also, a thorough understanding of EKG
measurements and methods to extract information from signal data as it relates to
diagnoses are critical requirements for this study. Upon obtaining a working
knowledge of EKG signal data, the information must be organized and an approach

developed to apply neural networks for the signal analysis determinations.
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CHAPTER 4. SOLUTION

4.1 EKG Signal Theory

In order to interpret the EKG signals, a simplification of the overall heart
muscle and its functioning should be understood. The heart muscle is divided into four
chambers. The top two chambers are the left and right atrium. The bottom two
chambers are the left and right ventricles. The ventricles do the majority of work
pumping blood since they contract thus forcing the blood out of these chambers into
the body. The central division between the left and right sides of the chambers is called

the septum. See Figure 4-1 for a depiction of the heart muscle.

Circulation is performed by first pumping the blood into the two top chambers,
the atriums. The blood is then permitted to flow into the lower two ventricles upon
the heart valves being open. The valves are open upon the ventricles being in a relaxed
state. Once the blood has flowed into the lower two chambers, the ventricles can
contract which causes the valves to close so no blood flows back into the upper
chambers, thus causing the blood to be pumped out into the body. The blood leaves
the right chamber and goes to the lungs to be purified. Purified blood is in the left

chamber and is pumped out into the rest of the body.

The pumping function is initiated by electrical pulses generated within the
heart muscle. The Sinoatrial Node (SA), located in the heart tissue, generates an
electrical impulse which is carried throughout different areas of the heart. This
electrical impulse causes the atria to contract forcing the blood into the lower two
chambers. The electrical impulse travels to the Antrioventricular Node (AV) which

delays the signal. Then, the signal propagates to the bundle of His and is sent to the
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Figure 4-1. The heart muscle with the electrical conduction network and areas of
the heart identified.
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Purkinje fibers causing them to contract and force blood out to the rest of the body.!
EKG signals can be used as a tool to extract this electrical functioning information
about a particular patient’s heart muscle. When individual parts of the EKG signal
are measured and compared with specific standards, they can help indicate abnormal

heart conditions.

To monitor the heart functions and obtain EKG signals, 12 leads are typically
used. Figure 4-2 depicts proper locations for the leads on a patient. The 12 leads
of information comprise a complete set of EKG signals. These leads are located on
the limbs and chest of the patient. Three of six limb leads are located, one each, on
the left arm, right arm, and left leg. Three other limb leads are combinations of the
limb electrodes. For example, one of the electrodes is a combination of the left leg
and right arm. The remaining chest or precordial electrodes are placed over and
around the heart muscle. These leads are positioned to permit 2 leads to monitor the
left precordial, 2 leads to monitor the right precordial, and 2 leads monitor the

interventricular septum.

Using the six limb leads at different angles from which they monitor the heart’s
activity, it is possible to determine the angle the average electrical impulse travels
from the atrioventricular node down through the ventricles. This angle is called the
electrical or QRS axis of the EKG signal.2 This determination can be made for all
normal and abnormal EKG data sets and is performed by comparing the 12 signals

among themselves.

Determination of normal or abnormal EKG signals is done by measuring

various magnitudes and interval lengths then comparing these results to specirnc

1. Jerome Passman, The EKG: Basic Techniques for Interpretation. McGraw-Hill, 1976, p5.
2. Jerome Passman, The EKG: Basic Techniques for Interpretation. McGraw-Hill, 1976, p6.
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Figure 4-2 EKG lead locations on the patient’s body.
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standards. The dimensions of the amplitude are considered in millimeters of positive

or negative amplitude above or below the signal threshold respectively.
4.1.1 Basics of EKG Signal Characteristics

The EKG signal consists of three basic segments that are cyclic. These
segments are determined by their position within the EKG signal. The first segment
is called the P wave. The second segment is comprised of the QRS complex wave, and

the third segment is called the T wave. These segments are indicated in Figure 4-3.

The P wave represents the electrical activity of the atria contracting and
sending blood into the ventricles. The QRS complex wave represents the electrical
activity that causes both ventricles to contract and send blood into the body. The
typical pause inbetween the P and QRS complex waves is due to the atrioventricular
node which gives the ventricles time to fill with blood. The T wave follows the QRS
complex wave. This wave is an electrical phenomenon and no activity of the heart
occurs during this segment of the cycle. The T wave represents the return of the heart
muscle to its normal state. On rare occasions, there is another segment of this cyclic
waveform called the U wave. The understandings of this wave are still not clearly

interpreted.

The QRS complex wave can be broken into three separate waves namely, the
Q wave, R wave, and S wave. These waves can all be present or may not be present
in an EKG signal waveform. The relative positioning and inversion of the signal
determines if the segment is a Q, R, or S wave type. The Q wave is the first segment
of the complex wave usually sharply inverted below the threshold. This segment is
only significantly present as an indication of a damaged heart. The R wave follows

which is typically the main peak of the signal followed by the S wave. The S wave is
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Figure 4-3. EKG Signal segmentation of a typical cyclic waveform.
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usually a sharp inverted peak below the threshold. Sometimes all of these wave are
present, and sometimes only one wave is distinctly present. When no R wave is
present, the remaining inverted peak is considered the QS wave. This is because it
is not possible to discern if the wave is due to the Q or S contribution. By default,

it is typically considered a Q wave.

There are four basic parts of the waveform which are measured from the EKG
signal threshold. These consist of three intervals and one segment of the waveform.
The most important is the ST segment. The ST segment is a measure from the end
of the QRS complex wave to the beginning of the T wave. Basic intervals consist of

the PR interval, the QRS interval, and the QT interval.

4.1.2 Frequency of the Heart Muscle Contractions

-

Typically, the first measurement determined is the heart rate. The frequency
of the cycles is used to determine the heart rate in cycles per minute. Heart rates are
regular for a normal condition. Sixty to one-hundred cycles per minute is considered
the normal sinus rhythm rate range. Anything outside of this window is considered
abnormal. Faster rates are called tachycardia which is where there are rapid atrial
premature contractions at a rate of 150 to 250 cycles per minute. The slower than

normal rates are called bradycardia. 3

Irregular heart rates can be due to extra beats sometimes called premature
contractions. These contractions are due to the change in the frequency of the signal
originating from the heart. If there is a change in this frequency, it could be due to
the presents of an extra beat of the heart abnormality, an abnormal rhythm of the
heart, or an abnormal heart rate. The cause of this is when other nodes in the heart
take over originating the main electrical impulse. There are various types of

3. Jerome Passman, The EKG: Basic Techniques for Interpretation. McGraw-Hill, 1976, p102.

Chapter 4. Solution 20



premature cohtractions which can be present depending on the frequency of
occurrence. Irregular beats are due to blocked atrial premature contractions, sinus
pause, or nodal escape beats. The P wave will be the only segment of the signal
waveform which will be present when these conditions exist so, the length of the PT

interval appears longer than the typical PT interval of the signal.

The rhythm is the pattern where the EKG cycle appears and the type of EKG
cycles present. The period of the cycle should remain constant for a normal condition.
Conditions due to abnormal rhythms are called arrhythmias. There are several types
of arrhythmias which can be present. The sinus arrhythmia is due to the SA node
failing to send out electrical impulses at a regular rate. The Atrial or P wave
arrhythmias consist of five different types resulting in atrial disorders. These disorders
are detected by noting changes in the presence (or absence), shape, size, and

appearance of additional P waves. The five Atrial arrhythmias consist of the following:

Junctional Rhythm (or nodal rhythms)
*No P wave present

*SA node not functioning; another node has taken over the
SA node function
Wandering Atrial Pacemaker Rhythm
P wave inconsistent
SA node not functioning; several nodes have taken over
the SA node function
Non-sinus Atrial Pacemaker Rhythm
P wave is inverted

*SA node not functioning; a node high in the
atrioventricular node area is originating the electrical
impulse

Atrial Flutter Rhythm
«More than one P wave present (1to 8 more the same shape
of the original P wave)
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« SA node is sending another electrical impulse before the
first one has been conducted to the atrioventricular
node and ventricles

Atrial Fibrillation Rhythm
«No pattern or order to P waves present

*Many ectopic pacemaker foci in both atria are all sending
simultaneous electrical impulses
The ventricular or QRS complex arrhythmias result when ectopic pacemakers
in the ventricles send out electrical impulses. These are two life-threatening types of
arrhythmias which are:
Ventricular Flutter

+Only QRS wave present with distorted smoothing and
roundness (all sharpness gone from signal)

Ventricular Fibrillation
*Degraded ventricular flutter (pattern becomes irregular
and jagged)

4.1.3 EKG Waveform Measurements

Three threshold intervals are measured after the heart rate is determined.
These are the PR, QRS, and QT intervals. The PR interval is measured from the
beginning of the P wave to the beginning of the QRS complex wave. The QRS
complex interval is the duration of the QRS complex segment. The QT interval is

measured from the beginning of the QRS complex to the end of the T wave.

The P wave is checked to determine if it is negative, diphasic, or positive
relative to the signal threshold. This signal segment is usually positive in all the leads.
The magnitude above/below the threshold is measured. If a diphasic P wave is
present, the complete wave is measured. Finally, the P wave interval is measured to

determine the duration of this signal segment.
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